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A predicted distribution of earnings for each SMSA is generated by first substituting into this estimated earnings function each worker's actual years of schooling, years of experience, and weeks worked. A predicted value of lnY is then generated for every individual within each SMSA. This procedure, however, assigns individuals the mean earnings of the schooling, experience, weeks-worked cell to which they belong. Thus, a distribution of earnings predicted in this manner would capture only between-cell variation in earnings and would fail to account for substantial within-cell variation. 3 In order to avoid this artificial compression of predicted earnings distributions, 2 There are several basic weaknesses of this model. We do not discuss these here, but note that criticism has centered on the ability of a years-of-schooling variable and an experience proxy to reflect adequately the true amount and intensity of accumulated human capital investment, on the bias in rate-of-return estimates due to the omission of ability measures, on the distinction between the effects of experience and of aging per se, and on the interpretation of y as an elasticity and labor-supply parameter. Specific critiques of the Chiswick-Mincer specification are contained in Schwartz and Parsons [18] and Blinder [4] , while general discussions of the human capital research program can be seen in Blaug [3] , Rosen [17] , and Griliches [11] . individual observations within a cell are distributed randomly about their mean. To each predicted lnYi we add a normal random deviate with a zero mean and a standard deviation which is equal to that of the residuals generated from the estimation of earnings function (1) over one of ten predicted earnings classes. The values of the standard deviations of the residuals that were generated from estimation of earnings function (1) are listed in Table 1 by predicted earnings class. For example, if the predicted lnYi (in dollars) for an individual is $10,000, the natural log of $10,000 would be shocked by a normal random deviate with zero mean and a standard deviation equal to .448. 4 By generating a value of predicted earnings for each individual in the sample, we obtain predicted distributions of earnings within each of the 48 SMSAs. Comparison of these predicted distributions with actual distribu-4 This procedure is similar to that used by Garfinkel and Haveman [13] , who used a standard normal deviate with zero mean and a standard deviation equal to that of the regression equation. Here the standard deviation is varied by predicted earnings class in order to correct for a nonhomoskedastic disturbance term, the standard deviation of the residuals being slightly higher than average in both tails of the earnings distribution. The random normal deviates were generated by the following method of Box and Muller [5] . Let U1, U2, be independent random variables from the same rectangular density function on the interval (0, 1). Consider X1 = (-2 logeU1)l/2 cos 27rU2 X2 = (-2 logeU1)1/2 sin 27rU2
Then (X1, X2) will be a pair of independent random variables from the same normal distribution with zero mean and unit variance.
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tions, and with those predicted from an alternative hypothesis, allows us to assess the ability of the human capital model, with its parameters fixed across cities, to explain distributions of earnings within U.S. labor markets. The procedure outlined above has allowed us to examine the ability of the human capital model to generate predicted distributions of earnings which are "close" to actual distributions. As a bench mark against which to assess the human capital model, we compare its predictive ability to that of an alternative hypothesis, the national distribution hypothesis. The national distribution hypothesis predicts (naively) that all SMSAs have log earnings distributions that are shaped identically to the national distribution, after allowing the distribution to shift left or right by the difference in their means. We propose no particular theoretical justification for this hypothesis. However, stochastic process theories have been developed which would explain the existence of regularities in the shapes of earnings distributions. Most of these models view income as being generated from multiplicative random shocks, or from productive characteristics normally distributed among individuals, but which have a multiplicative effect on earnings. It can be shown that these processes lead to income distributions that will eventually be log-normal, leptokurtic, or converge to a Pareto distribution (see Bronfenbrenner [6] and Mincer [15] for reviews of this literature). The hypothesis of similarly shaped earnings distributions among U.S. labor markets is at least plausible as a bench mark against which we can compare the fixed-parameter human capital model. We will form a shift factor, a, which is equal to lnYk -9.025, where InYk is the mean log of earnings in SMSA k and 9.025 is the mean log of earnings for the pooled national sample of 62,411 individuals. Each SMSA then will have ten earnings intervals which are equal to the ten national sample intervals plus a. The national distribution hypothesis implies that each SMSA will have the same relative frequency of earners in each of its adjusted earnings intervals as does the national distribution in each of its unadjusted intervals. We can then employ a test for goodness of fit in order to determine whether or not the distributions predicted from the human capital model are closer to actual distributions of earnings than are those predicted from the alternative national distribution hypothesis. Note that the distribution of log earnings in each SMSA generated by the national distribution hypothesis will have a mean equal to the actual mean in that SMSA, while its variance will equal that of the pooled national sample.
III. EMPIRICAL RESULTS
In this section we first examine the ability of the human capital model to predict levels of earnings and earnings inequality which are close to the actual values within each labor market. This is done by applying conventional tests for equality of means and equality of variances, and by examining the absolute size of differences between actual and predicted values. Since some of the normality assumptions for the equality-of-variances test may not be met, we also employ a nonparametric goodness-of-fit test as a further check. In addition, the goodness-of-fit test allows the relative abilities of the human capital model and the national distribution hypothesis at predicting actual distributions of earnings to be compared.
Human capital studies commonly use the mean of the log of earnings, InY, as a measure of the level of earnings. Letting lnYk represent the actual geometric mean of earnings in SMSA k, and InYg the level of earnings predicted by the human capital model, we wish to test the null hypothesis that lnYI = lnYk against the alternative hypothesis that they are not equal. Failure to reject the null hypothesis would indicate that differences in schooling, experience, and weeks worked are sufficient to explain differences in earnings levels, while rejection of the null hypothesis would indicate that this simple form of the human capital model is unable to explain all differences in earnings levels. We carry out these tests using the conventional test for equality of means. This test holds strictly only if the parent population is normal (log-normal in this case). However, a nonnormal population will not seriously affect the test since sample size in each SMSA is large, and by the central-limit theorem the distribution of the sample mean can be approximated by the normal whatever the distribution of the population.
Column 4 of Table 2 summarizes the results of the equality-of-means tests. The null hypothesis that actual and predicted levels of earnings are equal is rejected in 41 of the 48 SMSAs at a .05 significance level and in 35 at a less rigorous (in this case) .01 level. Of the 14 southern SMSAs, the null hypothesis is rejected in all but one at the .05 level and in all but two at the .01 level. We list the differences between actual and predicted earnings levels for each SMSA (lnYk -inY5P) because they may provide a better relative measure of prediction ability than do the significance tests for equality of means. This is because a large enough sample size is always sufficient to find differences to be statistically significant, no matter how small they might be. The figures in column 4 indicate that most of the differences are not large in absolute terms. However, it is apparent that the human capital model, with its parameters fixed across labor markets, is unable to explain a sizable share of the differences in levels of earnings of white males across U.S. labor markets. Later analysis will focus on those factors that are systematically related to the differences between actual and predicted earnings levels.
From our data, we are also able to calculate the fraction of total variation in earnings levels between SMSAs which is explained by differences in schooling, experience, and weeks worked. We calculate the following: where Q is the explained fraction of variation in earnings levels (Q is roughly analogous to a weighted R2, with weights nk), lnY is the geometric mean of earnings for the entire sample (lnYis 9.025), Eknk(lnYk -lnY)2 is the total variation in earnings levels between SMSAs, and ;knk(lnYn -lnYk)2 is that variation not accounted for by our explanatory variables. A value of Q equal to .356 indicates that about a third of the variation in earnings levels across this sample of SMSAs can be explained by differences in schooling, experience, and weeks worked. Differences among SMSAs in city size, region, cost of living, degree of unionization, nonpecuniary income, the quality of education, job structure, and in the parameters of earnings functions probably account for much of the variation in earnings levels not explained here. Following other studies which utilize the human capital framework, we use the variance of the log of earnings, cr2(lnY), as a measure of earnings inequality. Letting cr2(lnY)k represent actual earnings inequality in SMSA k, and o-2(lnY)[ earnings inequality predicted by the simple human capital model, we wish to test the null hypothesis that o-2(lnY) = cr2(lnY)k against the alternative hypothesis that they are not equal. The conventional test for equality of variances may be significantly affected by parent populations which differ substantially from log-normality. Thus the results presented below must be interpreted with caution. Examination of column 7 of and .01 significance levels, respectively. Earnings inequality tends to be significantly underpredicted in the South. However, differences between actual and predicted earnings inequality tend to be quite small elsewhere.
As a further test, we use the chi-square goodness-of-fit test to check for strict equivalence between actual and predicted distributions within each SMSA.5 Unlike the test for equality of variances, the reliability of the nonparametric goodness-of-fit test is not dependent on the functional form of the earnings distribution. This test allows us to examine independently the ability of the human capital model and the national distribution hypothesis to predict earnings distributions statistically equivalent to actual ones and to assess the two models' predictive powers relative to each other. Column 8 of Table 2 presents the chi-square values generated from tests of the human capital model. The null hypothesis, HHC that the distribution of earnings predicted by the human capital model is statistically equivalent to the actual distribution is rejected in all 48 SMSAs at conventional significance levels.6 The human capital earnings function, with fixed parameters across SMSAs, appears unable to explain all differences in distributions of earnings. While we certainly should not expect the human capital (or any other) model to be able to predict distributions of earnings that are statistically equivalent to actual distributions, it is reasonable to expect the human capital model to outperform some simple alternative hypothesis regarding the distribution of earnings. We consider the national distribution hypothesis, HND, as a naive alternative explanation regarding the shapes of earnings distributions across U.S. labor markets. As explained above, the national distribution hypothesis predicts that all SMSAs have identically shaped log earnings distributions, after adjusting for differences in their means. We apply the same chi-square goodness-of-fit tests to the national distribution hypothesis and present these results in column 9 of Table 2 .7 The null hypothesis of strict equivalence between the actual distribution and the distribution predicted by HND cannot be rejected in three SMSAs at a .05 significance level and in six SMSAs at a .01 level. Most surprisingly, it is found that the distributions predicted by the national distribution hypothesis provide a closer fit to the actual distributions than do those predicted by the fixed-parameter human capital model in 38 out of the 48 SMSAs. The national distribution hypothesis clearly provides better predictive power than does the fixed-parameter human capital model. Its dominance over the human capital model indicates that there is a regularity in the shapes of log earnings distributions of white males among labor markets, a regularity not captured by the schooling, experience, and weeks worked variables of the human capital earnings function.
In addition to the results shown, several alternative specifications of earnings functions were estimated and applied in all of the tests presented above. These earnings functions were of various functional forms and included hours worked per week, occupation, and industry variables. When using these specifications, the results of the means, variance, and goodnessof-fit tests were similar to those shown above which were obtained using the Chiswick-Mincer specification of the human capital earnings function. The national distribution hypothesis performed significantly better than any of the alternative specifications of earnings functions.8 7 Since each SMSA's distribution is not independent of the combined distribution for the entire sample, the chi-square tests may be biased toward acceptance of the null hypothesis for both HHC and HND. Given that the average SMSA contributes only about 2 percent of the observations in the total sample, we do not expect this interdependence to be of practical importance. Tests for equality of means and equality of variances are not conducted for the national distribution hypothesis since each SMSA is assigned a mean log of earnings equal to its actual level, and a predicted variance of log earnings equal to that of the pooled national sample. 8 These results are available upon request.
IV. INTERAREA DIFFERENCES IN EARNINGS FUNCTION PARAMETERS
It is likely that parameters of the human capital earnings function differ across labor markets. In this section we test whether this is the case by estimating 48 separate earnings functions using individual data within each SMSA. Previous studies examining interarea differences in the distribution of income or of earnings have used grouped data and have not been able to account for differences in rates of return to schooling, shapes of earningsexperience profiles, or in the earnings-weeks worked relationship.9 Of course, the extent to which rates of return differ across labor markets is in itself of considerable interest. Differences in rates of return will in part indicate the presence of incentives for migration, while disparities over time may indicate a substantial degree of immobility. After estimating the model's parameters by SMSA, we examine the extent to which differences across labor markets in their estimated coefficients of schooling, experience, and weeks worked, as well as in city size and region, are related to differences in earnings distributions.
Regression results for the 48 SMSA regressions of the human capital earnings function are presented in the Appendix. These results provide evidence regarding the extent to which average rates of return to schooling, earnings-experience profiles, and the earnings-weeks worked relationship vary across U.S. labor markets. We calculate the appropriate F statistic to test for homogeneity of the 48 sets of coefficients by comparing the sum of squared residuals from the SMSA regressions with those from the pooled regression in which coefficients are constrained to be equal across cities. It is found that F = 9.97 and the hypothesis of homogeneous sets of coefficients is easily rejected at conventional significance levels. Thus, the parameters of the human capital model are found to vary significantly across SMSAs. 10 In order to examine the relationship between an area's distributon of earnings and its earnings function parameters, we regress the unexplained portion of the level of earnings and of earnings inequality on the coefficients of schooling (r), experience (r'), experience squared (r"), and weeks worked 9 A lone exception is the study by Chiswick [7] , who attempts to estimate state rates of return to schooling from published 1959 Census data. These estimates are admittedly biased, however, due to his inability to hold constant experience (age) or weeks worked with grouped data. 10 The test for homogeneity is [SSRR -SSRu/k(p -1)]I[SSRu/n -pk], where SSRR is the sums of squared residuals from the restricted (pooled) regression, SSRu is the sums of squared residuals for the 48 unrestricted regressions, k is the number of estimated coefficients (5), p is the number of classes (48), and n = 62,411. In addition to testing for overall homogeneity, we tested separately for differential intercepts and for differential slope coefficients. The null hypothesis of equivalence across SMSAs was rejected for both at conventional significance levels, though variation in intercepts proved to be small.
| THE JOURNAL OF HUMAN RESOURCES (y). That is, we form as dependent variables, LEVk = lnYk -lnYl and INEQk = o2(lnY)k -o-2(lnY)X, which represent the portion of earnings
and earnings inequality in each SMSA not accounted for by schooling, experience, or weeks worked. This procedure is necessitated by our inability to incorporate differences in earnings function parameters into our prediction equation.11 Table 3 presents regression results with LEV and INEQ as dependent variables. These results are discussed below.12 Initially we expected LEV to be positively related to the estimated parameters r, r', r", and y. That is, after controlling for schooling, experience, and weeks worked, earnings levels should be underpredicted (a higher LEV) in those SMSAs with the highest rate of return to schooling, the steepest earnings profile, and the highest net correlation between weeks worked and weekly wages. While LEV is positively related to both r' and r", neither relationship is statistically significant. Likewise, the relationship between LEV and y is not significant. The relationship between LEV and r, the average rate of return to schooling, is found to be significant, but negative. This finding requires some explanation.
The negative relationship between LEV and r could result if rates of return to schooling are higher in those cities where levels of earnings are lower (for reasons other than years of schooling, years of experience, and weeks worked). Chiswick [7] finds that states with lower earnings levels exhibit both higher rates of return and greater earnings inequality. He hypothesizes that this results because poorer areas tend to be characterized by local labor markets for the unskilled who have relatively low mobility, and by national labor markets for the skilled who possess relatively high mobility. Thus, earnings differentials and rates of return to schooling tend to be higher in poorer areas. The evidence here is at least consistent with the Chiswick hypothesis. The correlation coefficient between lnY and r is -. 164, that between lnY and cr2(lnY) is -.214, and that between r and cr2(lnY) is .363. While the Chiswick hypothesis may partially explain the inverse relationship between LEV and r, we cannot be sure that other forces are not at work. Note that estimated rates of return are probably higher in poorer 11 It was suggested that we estimate separate earnings functions for each of the nine Census regions and then utilize these estimated parameters to generate predicted earnings distributions. However, because we have a small number of SMSAs in our sample for each Census region, each SMSA would comprise a sizable share of a region's total sample size. Thus, each city's predicted distribution would not be independent of its actual distribution used in estimating the prediction equation. While we have this same problem in our earlier analysis, each SMSA makes up such a small portion of the total sample that our results are not seriously affected. 12 As alternatives to LEV and INEQ, we also estimated regressions using exp(lnYk) -exp(lnY)P and ar2(lnY)k/C2(lnY)k as measures of the unexplained portion of earnings levels and inequality. Regression results using these dependent variables were virtually identical to those shown in Table 3 . areas in spite of, rather than because of, any ignored determinants of earnings. For instance, poorer schooling quality would act to lower, rather than raise, regression estimates of r. We also also find that the level of earnings tends to be lower in the South and higher in larger cities. The finding of lower earnings in the South, ceteris paribus, is hardly new and need not be discussed here. The finding of higher earnings levels in larger cities has also been found elsewhere. Fuchs [12] suggests that the positive relationship between earnings levels and city size might result from differences in cost of living, differences in nonpecuniary benefits, and differences in labor quality not captured by schooling, experience, and employment variables. Labor-quality differences might take the form of higher quality schooling, more intense on-the-job training, or the selective in-migration of the most able and motivated workers. Table 3 indicate that differences in earnings function parameters explain about a third of the variation in INEQ. Differences across SMSAs in the shapes of average earnings profiles (r' and r'') are not found to explain differences in earnings inequality (or levels) to a significant degree. As predicted, earnings inequality is found to be greater in SMSAs with a higher rate of return to schooling. However, this relationship with r becomes insignificant after adding a South dummy variable (the larger standard error may be due in part to multicollinearity between r and the South dummy).
Earnings inequality is found to be significantly higher in the South than in the non-South, even after accounting for differences in rates of return to schooling and other earnings function parameters. City size is not found to be a significant determinant of earnings inequality in this sample of SMSAs. The findings in this study regarding city size are consistent with those in Danziger [9] , who finds city size to be a significant determinant of the level of family income, but not of income inequality in a sample of 222 SMSAs. 13 We finally note that earnings inequality is not found to be significantly related to the level of earnings (InY) after controlling for the variables and parameters of the human capital model, and a South dummy. This is in sharp contrast to interarea studies of income inequality not utilizing a human capital framework, which find inequality to be significantly less in higher income areas [1, 2, 9, 10, 14].14 The findings here indicate that a higher level of earnings does not act directly to decrease inequality, but rather acts indirectly through its effects on (or correlation with) a more equal distribution of human capital investments and lower rates of return.
V. SUMMARY
This paper has utilized individual data within 48 SMSAs in order to examine 13 In a recent study, Long, Rasmussen, and Haworth [14] find income inequality to increase with city size in a sample of 79 SMSAs. However, their model did not directly account for the distribution of schooling, experience, or weeks worked within each SMSA. 14 A negative relationship between inequality and the level of income is usually cited as lending support to Kuznets's U hypothesis that inequality will at first increase, but eventually decrease with the level of economic development. the ability of the human capital model to explain distributions of earnings. It was found that the human capital model, with its parameters fixed across labor markets, is limited in its ability to predict distributions of earnings "close" to actual distributions. Moreover, we found that the predictive power of the fixed-parameter model is inferior to that of the simple national distribution hypothesis that all cities have identically shaped distributions of log earnings after adjusting for differences in means. These results not only suggest that there is a marked regularity in the shapes of earnings distributions among white males across U.S. labor markets, but also that interarea analyses of income and earnings distributions should account for differences across areas in earnings function parameters.
Separate earnings functions were then estimated within each SMSA in order to obtain estimates of rates of return to schooling, slopes of earnings profiles, and elasticities of earnings with respect to weeks worked. It was found that these earnings function parameters do differ to a statistically significant degree across labor markets. Regression analysis indicated that levels of earnings were higher in SMSAs with lower rates of return to schooling, in the non-South, and with larger city size. Earnings inequality tended to be greater in SMSAs with higher values of the earnings function parameters r and y, and in the South. City size and the level of earnings were not significantly related to o-2(lnY) after accounting for other determinants of earnings inequality.
Our analysis has shown not only that earnings function parameters differ across U.S. labor markets, but also that estimation of these parameters from microdata makes possible a more complete analysis of interarea distributions of earnings. Hopefully, future research utilizing the human capital framework not only will relate an area's earnings distribution to its investments in human capital and rates of return, but will also provide theory and evidence regarding the determination of the model's parameters across geographic areas. 
